The Monte Carlo-based inverse model of diffuse reflectance described in part I of this pair of companion papers was applied to the diffuse reflectance spectra of a set of 17 malignant and 24 normal-benign ex vivo human breast tissue samples. This model allows extraction of physically meaningful tissue parameters, which include the concentration of absorbers and the size and density of scatterers present in tissue. It was assumed that intrinsic absorption could be attributed to oxygenated and deoxygenated hemoglobin and beta-carotene, that scattering could be modeled by spheres of a uniform size distribution, and that the refractive indices of the spheres and the surrounding medium are known. The tissue diffuse reflectance spectra were evaluated over a wavelength range of 400-600 nm. The extracted parameters that showed the statistically most significant differences between malignant and nonmalignant breast tissues were hemoglobin saturation and the mean reduced scattering coefficient. Malignant tissues showed decreased hemoglobin saturation and an increased mean reduced scattering coefficient compared with nonmalignant tissues. A support vector machine classification algorithm was then used to classify a sample as malignant or nonmalignant based on these two extracted parameters and produced a cross-validated sensitivity and specificity of 82% and 92%, respectively.
Introduction
Diffuse reflectance spectroscopy in the ultravioletvisible (UV-VIS) wavelength range can be used to measure tissue absorption and scattering, which reflect the intrinsic physiological and structural properties of tissue. This technique has the potential to provide real-time, nondestructive, and quantitative means of characterizing tissue pathology. It thus presents an opportunity to fill a void in postscreening cancer care, in which currently a biopsy is typically required for providing a definitive diagnosis. For example, in the case of breast cancer diagnosis, an image-guided needle biopsy procedure is commonly performed to determine whether a lesion is cancerous in women with suspicious mammograms. However, such procedures are limited in that only a few small pieces of tissue can be removed. Additionally, the tissue must be fixed and read by a pathologist before a diagnosis can be made, often requiring a waiting period of several days to weeks. The limited sampling yield of breast needle biopsy results in a falsenegative rate of 1%-7% (Ref. 1) when verified with follow-up mammography, as well as the requirement for repeat biopsies (percutaneous or surgical) in 9%-18% of patients 2,3 because of discordance between histological findings and mammography. Diffuse reflectance spectroscopy has the potential to improve the sampling accuracy of breast core needle biopsy. This technology could be deployed through fiber-optic probes to quickly and nondestructively identify the tissue type (normal, benign, or malignant) at the needle tip during a breast biopsy procedure. A positive reading from the optical measurement would potentially increase the likelihood that a biopsy is being sampled from a tumor site. If the optical measurement reads negative, then the needle could be repositioned along the needle track to a new tissue site. Diffuse reflectance spectroscopy techniques could potentially make the breast biopsy procedure more accurate and less traumatic to the patient, while also reducing the number of biopsies that need to be processed to obtain a confirmatory diagnosis.
Previous studies have investigated the use of diffuse reflectance spectroscopy for the diagnosis of breast cancer. The majority of these studies have utilized empirical methods for analysis of the measured spectra (e.g., Refs. 4 -6) . Empirical techniques are limited in that they do not relate the measured spectra to physically meaningful information (the absorption and scattering properties of the tissue). Doing so may improve our understanding of the basis under which the diagnosis is made, as well as potentially improving the diagnostic accuracy.
Ghosh et al. 7 used a model based on the standard diffusion approximation to extract the absorption and scattering coefficients from spatially resolved diffuse reflectance measurements of human breast tissue samples. They measured the spatially resolved diffuse reflectance at 12 source-detector separations, ranging from 1.2 to 12 mm, over the wavelength range of 450-650 nm. The absorption and scattering coefficients were determined from fits to the diffusion approximation of the spatially resolved diffuse reflectance at each individual wavelength. The results from this analysis indicated that malignant tissues are more absorbing and scattering than normal tissues at all wavelengths. However, limitations of the analysis used in this study include the use of the diffusion approximation, which is valid only for cases in which absorption is much lower than scattering (this may not be a valid assumption in the UV-VIS spectral range), and the requirement for spatially resolved measurements.
To address these concerns, the inverse Monte Carlo-based model developed by our group is valid for a wide range of optical properties and for diffuse reflectance measurements that are not spatially resolved, provided a single phantom calibration measurement is made (described in the companion paper, part I. 8 In this paper, this model is applied to a set of diffuse reflectance spectra obtained from ex vivo breast tissues collected in a previous study. 4 In the previous study, the diffuse reflectance spectra were analyzed by use of empirical methods. The objectives of this study are to (1) analyze the diffuse reflectance spectra of the breast tissues by use of the Monte Carlo model, (2) evaluate the absorption and scattering properties that contribute to the diagnosis of breast cancer, and (3) directly compare the diagnostic accuracy of the Monte Carlo versus empirically based methods developed by our group.
Methods

A. Spectral Data Collected from Breast Tissue Samples
Diffuse reflectance spectra were collected from 41 human breast tissues taken from 23 women undergoing breast cancer or breast reduction surgery. There were a total of 17 malignant tissue samples, 6 normal and 4 benign fibrous-glandular tissues, and 14 adipose tissues, as determined by the gold standard, histopathology. These spectra were obtained in a previous study 4 with the same instrument and probe described in part I of this study. 8 Measurements were made on freshly excised tissue samples, within approximately 2 h of excision, by placing the probe in light contact with the tissue surface.
B. Data Analysis
Model description. A Monte Carlo-based inverse model was used to extract the absorption and scattering parameters from the measured diffuse reflectance spectra; this model is described in detail in part I of this pair of companion papers. 8 The fixed parameters of the model were the absorbers assumed to be present in the tissue, the extinction coefficient of the absorbers, and the refractive index mismatch between the scatterer and the surrounding medium. The free parameters of the model were the concentration of absorbers and the scatterer size and density. A nonlinear least-squares optimization algorithm minimized the difference between the modeled and the measured diffuse reflectance spectra, and the free parameters of the best fit were retained for further analysis.
Wavelength range used in the model. The diffuse reflectance spectra of the breast tissues were measured over the wavelength range of 300-700 nm in 5 nm increments. However, the diffuse reflectance spectra analyzed by the inverse model were restricted to the wavelength range of 400-600 nm. The wavelength range was restricted to simplify the use of the model in this initial study by reducing the number of absorbers that would have to be accounted for (by excluding proteins and other chromophores that absorb below 400 nm) and to ensure that the tissue could be modeled as a semi-infinite medium (by excluding wavelengths above 600 nm, where tissue has very low absorption). The semi-infinite assumption simplifies the model since the depth does not also need to be fit as a free parameter. The tissue samples, which were 3 mm or greater in thickness, were found to be too thin to be modeled as semi-infinite at wavelengths greater than 600 nm. We determined experimentally by placing a reflective and absorptive surface beneath the sample during the diffuse reflectance measurement.
Calibration for system response. Before the fitting, each tissue diffuse reflectance spectrum was divided at each wavelength by the diffuse reflectance spectrum of a reference tissue phantom composed of hemoglobin and polystyrene spheres with known optical properties (mean reduced scattering coefficient s Ј, 13 cm
Ϫ1
; mean absorption coefficient a , 0.9 cm
). We calibrated the modeled diffuse reflectance spectra in a similar manner, i.e., by dividing the modeled diffuse reflectance spectra by that of a reference phantom with the same predefined optical properties. This accounted for the throughput and the wavelength response of the spectrometer used in these studies and corrected differences in magnitude between the Monte Carlo simulations, which are on an absolute scale, and the experimental measurements, which are on a relative scale.
Fixed and free parameters used in the model. The inverse model assumes scattering to be caused by spherical scatterers of a single size. Tissue would be expected to contain scatterers of a range of sizes and shapes. However, the single-sized spherical approximation was chosen to allow a simpler solution and produce a composite description of scattering. The effect of using only a single scatterer size was investigated in part I and was found to have a minimal effect on the accuracy of optical property extraction. 8 The refractive indices of the scatterers and the surrounding medium were fixed parameters and were assumed to be 1.4 and 1.36, respectively. The free parameters of the fit relating to scattering were scatterer size and density. The scatterer size was constrained to be between 0.35 and 1.5 m in diameter. 9 -13 The intrinsic chromophores were assumed to be oxygenated and deoxygenated hemoglobin and beta-carotene, 4, 14 and their wavelengthdependent extinction coefficients were obtained from an on-line database. 15 Lymphazurin (cat. no. 00592358, Tyco Healthcare, Mansfield, Massachusetts), a dye used to locate the sentinel lymph node during surgery, was also included as an absorber since it was found to be present in some of the tissue samples. Its wavelength-dependent extinction coefficient was measured with a spectrophotometer. The free parameters of the fit relating to absorption were the concentrations of each absorber. Note that the Lymphazurin concentration was not used in the classification algorithm; thus only intrinsic sources of contrast were used.
Diagnosis of breast cancer using the extracted parameters. After the inverse model was applied to the diffuse reflectance spectra to extract the absorption and scattering parameters, a Wilcoxon rank-sum test 16 was used to determine which extracted features showed statistically significant differences between malignant and nonmalignant breast tissues. Then, a previously developed 4 nonparametric, linear support vector machine (SVM) algorithm 17, 18 was adapted to classify each tissue sample based on these extracted features. Finally, an unbiased estimate of the algorithm's performance was carried out with the leave-one-out method in this study. 19 Figure 1 shows the diffuse reflectance spectra of a malignant [ Fig. 1(a) ] and an adipose breast tissue sample [ Fig. 1(b) ] obtained from the same patient and the corresponding fit to the inverse Monte Carlo model. Two different fits were carried out. The first fit included the four absorbers: oxygenated hemoglobin, deoxygenated hemoglobin, beta-carotene, and Lymphazurin (fitted). It should be pointed out that when only the four absorbers are used in the fit, a deviation from the measured spectra is present at ϳ500-530 nm. This deviation was present in fits to the diffuse reflectance spectra of a number of tissue samples and likely indicates a region where the absorbers present in the tissue are not well described by the inverse model. To further evaluate this possibility, a Gaussian function was included as an additional absorbing component in the fit to the inverse model. The mean of the function was fixed at 515 nm, whereas the standard deviation and magnitude of the Gaussian were set as free parameters. The second fit seen in the plot included the four absorbers and an additional Gaussian function (fitted with Gaussian). It can be seen that the addition of this Gaussian function substantially improves the quality of the fits. Furthermore, for the majority of the fits (33 out of 41), the Gaussian function was found to have a standard deviation between 9 and 16 nm, with an average value of 13 nm. Repeating the fits to the inverse model with a Gaussian function with a mean Fig. 1 . Diffuse reflectance spectra of (a) a malignant and (b) an adipose breast tissue sample obtained from the same patient and the corresponding fit to the inverse Monte Carlo model. Two different fits were carried out. The first fit included the four absorbers: oxygenated hemoglobin, deoxygenated hemoglobin, betacarotene, and Lymphazurin (fitted). The second fit included the same four absorbers and an additional Gaussian function (fitted with Gaussian). c.u., calibrated units.
Results
of 515 nm and a standard deviation of 13 nm produced a similar improvement in the quality of the fits. As seen in Fig. 2 , the peak absorption coefficient of the Gaussian function is highly correlated with the concentration of beta-carotene, with a Pearson's correlation coefficient of 0.9. Although the quality of the fits is improved with the addition of the Gaussian function, the conclusions regarding the extracted absorber and scattering parameters from the fits are not significantly affected by its addition, and so all subsequent analysis was carried out without the inclusion of this Gaussian function.
The same malignant and adipose tissue samples shown in Fig. 1 (obtained without the Gaussian function) are shown in Fig. 3 with the extracted absorption [ Fig. 3(a) ] and reduced scattering coefficient spectra [ Fig. 3(b) ] extracted from their fits. These are fits to single tissue samples, representative of their respective tissue types. It can be seen that both samples have significant hemoglobin absorption, whose peak absorption occurs at approximately 420 nm, and that the malignant sample shows higher hemoglobin absorption compared with that in adipose tissue. Additionally, it can be seen that the adipose tissue sample has a distinctly different line shape in the absorption spectrum, particularly over the wavelength range of 450-500 nm. The absorption in this range is in part due to beta-carotene in adipose tissues. It can also be seen that the reduced scattering coefficient is substantially reduced in the adipose tissue compared with that in the malignant tissue. Figure 4 shows the mean and standard deviations of the extracted hemoglobin and beta-carotene concentrations [ Fig. 4(a) ], hemoglobin saturation [ Fig.  4(b) ], and mean s Ј (averaged over the 400-600 nm wavelength range) [Fig. 4(c) ] of adipose, fibrous, and malignant breast tissues. In these plots, it can be seen that adipose tissues have higher hemoglobin saturation ͑p Ͻ 10
Ϫ4
, obtained with a Wilcoxon rank-sum test) and beta-carotene concentration ͑p Ͻ 0.001͒ and a lower mean s Ј ͑p Ͻ 10
͒ compared with malignant tissues. Fibrous tissues can also be seen to have a higher hemoglobin saturation ͑p Ͻ 0.005͒ compared with that in malignant tissues. In comparing the malignant with the collective nonmalignant tissue types (adipose and fibrousglandular tissues), three extracted parameters were found to show significant differences. Hemoglobin saturation ͑p Ͻ 10
Ϫ5
͒ and beta-carotene concentration ͑p Ͻ 0.05͒ were significantly decreased, and the mean s Ј ͑p Ͻ 0.05͒ was significantly increased in malignant tissues compared with that in the collective nonmalignant tissue types. To summarize, differences seen in beta-carotene and mean s Ј are primarily due to differences between adipose and malignant tissues, whereas hemoglobin saturation is useful in distinguishing malignant from both fibrous-glandular and adipose tissues. It should be pointed out that, in the case in which a Gaussian absorber is included in the fits, the same parameters show statistically significant differences between malignant and nonmalignant tissues, with the exception of beta-carotene concentration, which has a p value of 0.025 in the case in which no Gaussian function is Fig. 2 . Scatter plot of the beta-carotene concentration and peak a of the Gaussian absorber. It can be seen that these two parameters are highly correlated (the correlation coefficient is 0.9). included, and a p value of 0.093 in the case in which a Gaussian function is included. However, when malignant and adipose tissues are compared, the difference in beta-carotene concentration is still highly significant ͑p Ͻ 5 ϫ 10 Ϫ4 ͒. Figure 5 shows a scatter plot of two extracted parameters, hemoglobin saturation and the reduced scattering coefficient, which showed the statistically most significant differences between malignant and nonmalignant breast tissues. The discrimination boundary from the linear SVM algorithm that separates the malignant from nonmalignant tissues is also shown. It can be seen that good separation can be achieved between the malignant and nonmalignant tissue types with only these two extracted parameters. The classification accuracy (sensitivity and specificity) for discriminating between malignant and nonmalignant breast tissues was determined with the linear SVM algorithm based on these two extracted features. A cross-validation scheme was used to provide an unbiased estimate of the algorithm's performance. The unbiased sensitivity and specificity of the algorithm were 82% and 92%, respectively. We define sensitivity as the number of correctly classified malignant samples divided by the total number of malignant samples, and specificity is the number of correctly classified nonmalignant samples divided by the total number of nonmalignant samples. Fig. 4 . Mean and standard deviations of (a) hemoglobin and betacarotene concentrations, (b) hemoglobin saturation, and (c) mean s Ј averaged over the wavelength range of 400 -600 nm of adipose, fibrous, and malignant breast tissues. The most significant differences between malignant and nonmalignant tissue are seen in hemoglobin saturation, beta-carotene concentration, and the mean s Ј. Note that a fibrous sample with an extracted total hemoglobin concentration of 87 M was excluded from plot (a) since it drastically skewed the plot scale. Fig. 5 . Scatter plot of two extracted parameters, hemoglobin saturation and mean s =, which showed the statistically most significant differences between malignant and nonmalignant breast tissues.
Discussion and Conclusions
A Monte Carlo-based inverse model of diffuse reflectance, described in part I of this pair of companion papers, was applied to the diffuse reflectance spectra of a set of 17 malignant and 24 normal-benign ex vivo human breast tissue samples. This model allows extraction of physically meaningful tissue parameters, which include the concentration of absorbers and the mean reduced scattering coefficient that reflects the size and density of scatterers present in tissue. The parameters that showed the statistically most significant differences between malignant and nonmalignant tissues included hemoglobin saturation, beta-carotene concentration, and the mean reduced scattering coefficient. When broken down by tissue type, hemoglobin saturation was found to be useful in distinguishing malignant from both fibrous-glandular and adipose tissues, whereas beta-carotene concentration and the mean reduced scattering coefficient were useful in distinguishing malignant from adipose tissue only. A linear SVM algorithm, 17, 18 incorporating two of the three parameters (hemoglobin saturation and mean s Ј), yielded a sensitivity and specificity of 82% and 92%, respectively, for discriminating between malignant and nonmalignant breast tissues when a leave-one-out cross-validation scheme is used. In a previous publication by our group, 4 a principalcomponent analysis 20 was used to dimensionally reduce the same set of breast tissue diffuse reflectance spectra into a few orthogonal principal components; a Wilcoxon rank-sum test 16 was applied to identify the two principal components that showed the statistically most significant differences between malignant and nonmalignant breast tissues, and a linear SVM algorithm 18 was used as the classification scheme. An unbiased evaluation of the algorithm's performance was performed with a leave-one-out cross-validation method. 19 The previously published algorithm produced a sensitivity and specificity of 30% and 77%, respectively, for discriminating between malignant and nonmalignant breast tissues. The only difference between the previously published algorithm and the algorithm reported in this paper is the method of data reduction (principal-component analysis versus fits to an inverse Monte Carlo model). This demonstrates that the physically based approach for data reduction substantially outperforms the empirically based algorithm implemented previously. However, it is possible that the use of other empirically based algorithms such as the partial least-squares techniques 21 could improve on this result.
Hemoglobin saturation showed a significant decrease in malignant tissue relative to that of each of the nonmalignant tissue types. This trend is consistent with previous findings obtained from nearinfrared (NIR) measurements of breast tissues in vivo. [22] [23] [24] [25] These studies compared the hemoglobin saturation of a malignant lesion with that of the surrounding normal tissues (either adipose or fibrousglandular) and found that there is a decrease in the hemoglobin saturation in the volume comprising the lesion. No significant difference in the total hemoglobin concentration between malignant and nonmalignant breast tissues was observed in our study as would be expected with angiogenesis and which has also been reported in several previous NIR studies of the breast in vivo. [22] [23] [24] [25] [26] [27] It should be pointed out that the oxygen saturation values for adipose and fibrous tissues were typically above 90%, which is higher than would be expected in excised tissue. It is possible that this result is affected by exposure to air of residual blood on or near the surface of the tissue, which would cause an increase in the saturation levels. The sample thickness was typically 3 mm or greater, so some blood would also likely be detected from deeper within the tissue that was not exposed to air. The greater vascularity expected in malignant tissue may have led to more residual blood trapped deep within the tissue, which could have resulted in the lower saturation detected in these tissues. Finally, our study showed that the mean reduced scattering coefficient is higher in malignant tissues compared with that in adipose tissues. This is consistent with that reported from NIR measurements of breast tissues in vivo by Srinivasan et al. 28 One limitation of this model is that it requires a priori knowledge of the absorbers and scatterers present in the tissue of interest. For many tissue types, hemoglobin is the primary absorber in the VIS wavelength range. In adipose breast tissue, betacarotene has also been observed to cause significant absorption effects, 4,14 and so it was included. It was pointed out that there was a systematic deviation in the fits to the diffuse reflectance spectra at ϳ500-530 nm, which could be corrected for by the inclusion of a Gaussian function. The contribution of this Gaussian function to the fitted spectrum was highly correlated with the concentration of betacarotene. Thus the Gaussian function effectively modified the spectral shape of the absorption spectrum of beta-carotene. This implies that the betacarotene absorption spectrum utilized in these fits may not accurately reflect that present in human breast tissues, possibly as a result of differences in its surrounding environment in tissue. It is also possible that the combination of beta-carotene and the Gaussian represent a different absorber. However, the inclusion of the Gaussian function, although it improved the quality of the fits, did not affect the extracted parameters that showed the statistically most significant differences between malignant and nonmalignant breast tissues.
